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Among the optical techniques used for exploring the properties of cells and tissues, those based on hyperspectral label-free analysis are
particularly interesting due to their non-invasive character and their ability to fast collect a huge number of information on the different
sample constituents and their spatial distribution. Here we present results obtained with a novel hyperspectral reflectance confocal
microscope of label-free discrimination of cells undergoing apoptosis. Our data, analyzed by means of a powerful statistical method, enable
to obtain information on the biological status at a single cell level through the local measurement of reflectivity. Furthermore, an optical
model of the local dielectric response gives an additional insight of the parameters linking the optical responsivity to the biological status.
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1 INTRODUCTION
One of the main challenges for researchers working in the field
of technological advancements for biomedical applications is
the development of non-invasive optical tools for early diag-
nosis [1], fast screening and therapy monitoring [2, 3]. In this
context, spectral imaging appears to be a powerful approach
which is starting to become applied to medicine [4, 5] after
it has been largely exploited in other areas, such as mineral-
ogy [6], remote sensing [7], drugs screening [8] and food qual-
ification [9]. In fact, spectral imaging appears to be successful
in distinguishing between tumor and normal tissues during
surgery [10], and has been used to study endogenous skin flu-
orophores [11], or to develop a triage test for cervical neopla-
sia [12]. However, several and complementary methods are
needed to analyze the massive amount of data generated by
spectral imaging [13] in order to perform unambiguous identi-
fication of specific cell markers and tissue status, or to analyze
the local structure and composition of biological samples.
Apoptosis or programmed cell death is a complex and well
regulated cellular process that, through precise biochemical
steps, eventually leads to cell death [14]. The process implies
the activation of a large number of molecular pathways and
the appearance of relevant morphological changes in the cells.
Its study has a great relevance in fields like degenerative dis-
eases [15], cancer [16] and development [17]. Here we present
early results of label-free discrimination of cells undergoing
apoptosis by hyperspectral imaging obtained with a confocal
reflectance microscope.
The microscope used for the present study, entirely designed
and developed in our labs and fully described elsewhere [18]
is equipped with a supercontinuum laser source working in
the visible and near infrared region ranging from 0.5 µm to
2.4 µm wavelengths. Data are collected in such a way that,
for any image, the single pixel contains an entire, continuous
reflectance spectrum. Our data demonstrate that it is possible
to use spectrally encoded data to distinguish the degenerative
cell state even when morphology changes are still not visible
by standard optical microscopy.
Data analysis has been performed by statistical methods and
by modeling the optical cell response, and shows that the
apoptotic degeneration is actually related to subtle changes
of the optical parameters, making reflectance analysis an in-
teresting alternative to other methods.
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FIG. 1 Assembling scheme of the observation chamber (left panel). Details of the chamber during image acquisition (right panel).
2 MATERIALS AND METHODS
We have used HaCaT cells, which are well-known and
widely utilized immortalized human keratinocytes. Cells
were grown in Dulbecco’s Modified Eagle Medium (DMEM)
supplemented with 10% (v/v) inactivated FBS, 1% peni-
cillin/streptomycin and 1% Na Pyruvate.
Cells were plated and cultured on a 40 mm diameter round
coverglass in a 60 mm Petri dish, and maintained at 37◦C
in a humidified atmosphere of 5% CO2. 24 hours after seed-
ing, cells were exposed to 250 J/m2 UVC radiation which
represents a common apoptotic stimulus for this cellular
model [19]. Exposure has been performed in a Bio-Link BLX
254 crosslinker, at 254 nm peak wavelength. Negative control
cells have been cultured in the same conditions, except for UV
exposure. After the exposure, the coverglass was sealed with
a previously sterilized 2 mm thick silicone gasket that holds
a second coverglass, and mounted at the base of the obser-
vation chamber, sketched in Figure 1, which is fixed on the
microscope stage.
In the current setting the microscope is characterized by a lat-
eral resolution of λ/2, axial resolution of 4 µm and a spectral
resolution of 0.8 nm. Images have been acquired over square
500 × 500 µm regions, 256 × 256 pixels at 400 Hz point scan
frequency.
Considering laser power emission, focusing optical system
characteristics and the culture chamber parameters, we es-
timated the light power on the cell layer to be less than
4 µW/nm. Extensive light exposure has been performed in
different cell cultures with no evident damage.
3 RESULTS AND DISCUSSION
The evolution of the apoptotic state of HaCaT cells has been
investigated during several experiments under the same con-
ditions by the hyperspectral microscope. In each case, the
same observed area is imaged at interval of two hours, or less,
over at least 24 hours after UVC exposure. The images shown
in Figure 2 are related to the 700 nm wavelength while, as
already said, at every image pixel corresponds an entire re-
flectance spectrum.
Irradiated cells are shown in top panel of Figure 2 at 4 hours,
6 hours and 24 hours after UV exposure. The image acquired
at 24 hours clearly shows pyknotic nuclei, which are the con-
sequence of chromatin condensation and the signal of late
apoptotic stage, as expected from literature [20]. Images show-
ing unexposed cells (bottom panel in Figure 2) evidence a
substantial morphological homogeneity along the observation
time. Cells are shown at 2 hours, 6 hours and 24 hours to point
out the absence of relevant changes in the whole period.
Within the 500 µm × 500 µm observation field several cells
can be identified. In particular, 40 different cells have been se-
lected by placing, for every image, a circular region of interest
of about 30 µm in diameter inside the cell area and considering
the resulting average spectra for analysis purposes. Three time
points 4 hours, 6 hours and 24 hours after UV irradiation, cor-
responding to early, intermediate and late stage of apoptosis
process, have been selected to follow the temporal behavior of
reflectance spectra at the single cell level. As reflectance refer-
ence, we have used a portion of glass substrate free of cells:
every spectrum has been normalized to the reference spec-
trum which takes into account the source, the detector and
any other optical spectral response of the apparatus. For each
time point, single cellular spectra showed limited variability.
To evidence the impact of apoptosis on the optical properties,
we averaged the resulting normalized spectra of all the 40 ir-
radiated cells referred to a given time point. The results are
plotted in the left side of Figure 3.
We observed a marked difference in the spectral behavior of
the cells going ahead in the apoptosis path. On the contrary,
the spectra of the control sample, visible in the right side of
Figure 3, showed no evidence of analogous changes over the
same time interval.
At present, we are not able to define an exact link between op-
tical properties and biochemical state of cell because the rele-
vant changes in spectral profiles are due both to morpholog-
ical changes and to biochemical modifications. Morphologi-
cal alterations include cell shrinkage and rounding, nuclear
condensation and formation of apoptotic bodies, while bio-
chemical signals include caspase cascade activation and cy-
tochrome C release from mitochondria. Therefore, we tried to
use statistical methods to assess whether there is a correspon-
dence between the optical spectrum of any single cell and its
degeneration state during the considered time lapse. The re-
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FIG. 2 Confocal images of HaCaT cells in irradiated (top) and not irradiated (bottom) samples. Top panel: from left to right at 4 hours, 6 hours and 24 hours after UV irradiation.
Bottom panel: from left to right at 2 hours, 6 hours and 24 hours of observation. All the images are shown for the 700 nm wavelength. The size of each image is 500 µm × 500 µm.
FIG. 3 Reflectance spectra obtained as the average over normalized single cell spectra for each time point. Left side: spectra at 4 hours (black line), 6 hours (red line) and
24 hours (blue line) after exposure. Right side: negative control spectra at 2 hours (black line), 6 hours (red line) and 24 hours (blue line).
flectance spectra from cells at different time points have been
considered for Principal Component Analysis (PCA).
PCA is a multivariate statistical analysis technique based on
eigenvalue decomposition of the covariance matrix of the hy-
perspectral image data to be analyzed, and is successfully ap-
plied in different fields. It represents a first step of classifica-
tion and compression of complex hyperspectral dataset in re-
mote sensing [21], food [22], drugs [23], artworks [24] analy-
sis, biomaterials characterization [25], and cell analysis [18].
Averaged and normalized spectra from different cells have
been smoothed with a Savitzky-Golay algorithm and com-
pared using PCA, valuating the intensities over 25 discrete
wavelengths, spanning from 500 nm up to 1100 nm, and with
a spacing of ∆λ = 25 nm. As it is well known, PCA projects
the used intensities in a space where the calculated eigenvec-
tors are considered as new variables. Then, it is possible to
visualize data over the two most significant coordinates, usu-
ally called PC1 and PC2. Those first two principal components
have been taken into account, representing a cumulative vari-
ance of 91.35%. Points representing cellular spectra have been
plotted in a PC1/PC2 space with markers specific for each
time point, as shown in Figure 4. In the score plot of PCA re-
ported in Figure 4, the data acquired after 4 hours are shown
in black, after 6 hours in red and after 24 hours in blue. PCA al-
lows a clear discrimination among spectra from different time
points. In particular, early and intermediate stages of apop-
tosis process lie in the PC1 positive half plane, while the late
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stage is in the negative one, indicating a marked change in the
spectral pattern. An apparent separation is also present con-
sidering PC2: points representing cellular spectra from early
stage are in positive half plane, while points representing in-
termediate stage appear concentrated in the negative one.
The wavelengths assumed as variables for the analysis have
been chosen with no a priori knowledge, and different sets of
wavelengths has led to consistent results.
Since there is a correspondence between the apoptosis stage
of degeneration and the reflectance optical spectrum, within
the obvious biological intrinsic variability and degree of sta-
tistical uncertainty, we have tried to give a precise meaning to
the measured optical spectra. This can be done by modeling
the optical response of any single cell as ascribed to a spe-
cific thickness d and index of refraction nc. Because the optical
spectrum considered here is averaged over the entire cell, the
thickness and index of refraction are to be considered average
effective entities. Moreover, the natural variability associated
to any single cell, which is evident in the PCA score plot of
Figure 4, makes those values not identical for different cells.
However, the analysis can be extremely useful to establish,
for instance, the detailed dependence of reflectivity on sen-
sible parameters, such as the refractive index which depends
on chemical composition and material density.
FIG. 4 Score plot of Principal Component Analysis: points represent spectra of the
individual cells at different times after UV exposure.
Confocal techniques get the optical reflectivity by limiting the
collected information to a close surrounding of the analyzed
sample depth (a few microns), so that in the model we can
completely disregard the real sequence of intermediate glass
layers constituting the observation chamber, and concentrate
the attention only to the glass interface around the culture
plane. The sample reflectivity is then calculated for a beam
irradiating from a semi-infinite zone, the culture medium, im-
pinging over the cells, or over the bare substrate if no cell ex-
ists in that point, and being reflected at the glass semi infi-
nite part. The calculation of such a system can be completely
carried out in an analytical way, using methods that descend
from the Abele´s matrix formalism [26]–[29], and have been al-
ready used for similar applications [30]. It is possible to write
an explicit equation that describes the reflectivity of this sim-
ple case.
R ∼= A(n1, n2, nc) cos
(
2pincdc
λ
)2
+ C(n1, n2, nc)
A(n1, n2, nc) = −
(n 2c − n 21 )(n 2c − n 22 )(n1 + n2)2
(n1n2 + n 2c )2(n1 − n2)2
C(n1, n2, nc) =
(n1n2 − n 2c )2(n1 + n2)2
(n1n2 + n 2c )2(n1 − n2)2
(1)
Note that the sample reflectivity R has been already nor-
malized to the bare reflectivity of the liquid glass interface.
In Eq. (1), nc and dc are the index of refraction and the
thickness of the cell model, and n1 and n2 are the index
of refraction of water and glass, respectively. The expres-
sion of R has been slightly simplified omitting the term
(n 2c − n 21 )(n 2c − n 22 ) cos(2pincdc/λ) respect to the term
(n1n2 + n 2c )2 at the denominator. The omission causes a max-
imum inaccuracy effect of the order of 10−3, corresponding to
the case in which the cosine term is equal to one.
It is possible to use the expression (1) to numerically fit the
reflectance of any of the single cells visible in Figure 2. Figure 5
presents the fit results of the reflectance of one cell 4 hours
(left), and 6 hours (right), after apoptotic stimulus.
The numerical fit assumes constant values for the refractive
index of glass (n2 = 1.516) and of culture liquid, considered as
simple water (n1 = 1.33). This last assumption is only approx-
imate, because it does not consider the many chemical compo-
nents included in that liquid. Despite these approximations,
 
FIG. 5 Experimental reflectance (black line) and numerical fit (red line) after 4 hours, left, and after 6 hours, right, from UV irradiation.
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FIG. 6 Fit parameters of one cell after 4 hours and after 6 hours.
the fit is quite accurate in reproducing the general shape of the
experimental reflectivity. The fit is able to estimate two main
parameters: the cell thickness dc, and the cell index of refrac-
tion nc, including its dispersion. The obtained parameters are
visible in Figure 6. The results indicate that between four and
six hours after UV irradiation, during the apoptosis process,
a small collapse of the cell structure takes place, indicated by
the reduction of d, which is consistent with the general trend
of the cellular degeneration. Moreover, the value and the dis-
persion of the cell index of refraction slightly changes, indi-
cating a chemical modification that induces a variation of the
overall optical properties.
4 CONCLUSIONS
We demonstrate that the sensitivity of reflectance to very
small alterations of the optical parameters is quite remark-
able and makes the presented method interesting for the
spectroscopic labeling of biological objects. In particular, we
show that it is possible to spectrally distinguish near tempo-
ral stages of a complex phenomenon like apoptosis without
any exogenous dye and in absence of univocal chemically spe-
cific spectral bands. Our results highlight the potentiality of
reflectance hyperspectral microscopy in the field of biological
research, and represent a step further in the way towards the
direct application of this powerful technique in the fields of
bio-analytics and diagnostics.
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